1. This paper examines systemic banking crises.
Introduction
"I see two broad tasks ahead: [...] ; 2) Dealing with the longer-term global architecture -i.e. …fixing an inadequate regulatory system and developing a reliable early warning and response system" (D. Strauss-Kahn, Managing Director of the IMF, Letter to the G-20 Heads of Governments and Institutions, November 9, 2008) .
The recent global financial crisis has stimulated a new wave of policy and academic research aimed at developing empirical models able to provide alerts about the risk of the onset of a systemic banking crisis, the so-called early warning systems, EWSs (for a review of the literature on EWSs see, for example, Gaytan and Johnson, 2002; Demirgüç-Kunt and Detragiache, 2005; Babecký et al; 2013; and Kauko, 2014) .
The empirical literature on EWSs for systemic banking crises has come up with two dominant analytical techniques for predicting signs of banking distress, namely the signals approach and the binomial multivariate logit framework. The signals approach, first developed by Kaminsky and Reinhart (1998) and adopted, among others, by Borio and Lowe (2002) , Borio and Drehmann (2009) and Drehmann and Juselius (2014) , considers the impact of covariates in isolation and benchmarked against specific threshold values. The fluctuation of the covariate beyond a threshold level, chosen to minimize the noise-to-signal ratio, is interpreted as a threat to financial stability. The binomial multivariate logit, pioneered by Demirgüç-Kunt and Detragiache (1998) and used, among others, by Beck et al. (2006) , Davis and Karim (2008a) ; Barrell et al. (2010) and Schularick and Taylor (2012) , relates a binary banking crisis dummy to a vector of explanatory variables to provide estimates of the probability of an incoming crisis. M A N U S C R I P T
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In spite of recent attempts to integrate the two approaches to analyze interaction effects of macro-financial variables through, for example, the use of the binary classification tree technique (Duttagupta and Cashin, 2008; Davis and Karim, 2008b) , the literature suggests that the empirical strategy based on the estimation of the binomial multivariate logit outperforms the signals approach. Demirgüç-Kunt and Detragiache (2000) , Davis and Karim (2008a; 2008b) and Alessi et al., (2015) show that crisis probabilities estimated through the binomial multivariate logit exhibit lower type I (missed crises) and type II (false alarms) errors than the signals approach and therefore provide a more accurate basis for building an EWS.
While being an interesting step forward in the prediction of banking crises, in instances where the crisis is longer than one year the use of the binomial multivariate logit model forces the researcher either to treat crisis years other than the first as non-crisis observations (Eichengreen and Arteta, 2000; Barell et al, 2010) or to exclude them from the sample (Demirgüç- Kunt and Detriagiache, 1998; Beck et al, 2006) . However, treating years after the crisis as tranquil periods or removing them from the sample implies discarding information that is potentially valuable: most macroeconomic and financial indicators typically used in empirical EWSs display a different behavior during a prolonged systemic crisis relative to both tranquil times and the first year of the crisis.
1 More formally, ignoring such heterogeneous dynamics might give rise to what we call the crisis duration bias, i.e. the inability of binomial logit multivariate models to correctly capture the arrival of a crisis when the crisis itself lasts more than one year.
The issue related to the crisis duration bias is not new in the empirical finance literature. In the context of currency crises, Bussiere and Fratzscher (2006) use a multinomial logit model that allows the dependent variable to take three outcomes: (i) the first year crisis M A N U S C R I P T
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3 regime, i.e. the outbreak of the crisis; (ii) the crisis regime, for crisis years subsequent to the first one; and (iii) the tranquil regime, for all the remaining observations. Their results show that multinomial logit models are better suited relative to alternative binomial logit models in predicting the arrival of a currency crisis.
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In this paper we build on Caggiano et al. (2014) , who show that the above results hold for systemic banking crises as well for a sample of low income countries (LICs), and provide, to the best of our knowledge, the first systematic analysis of the role played by the duration of a systemic banking crisis in affecting the relative ability of multinomial and binomial logit models in correctly predicting the arrival of the crisis itself.
More specifically, we perform two exercises using a large and heterogeneous sample of 92 world economies observed between 1982 and 2010. In the first of these, we estimate
EWSs based on the multinomial logit model and two binomial logit models, one that treats crisis years other than the first as tranquil times and one that discards them. The arrival, and the duration, of a systemic banking crisis is measured using the classification by Reinhart and Rogoff (2011) . A number of commonly used control variables are included as potential predictors: measures of broad macroeconomic conditions (GDP per capita, GDP growth, real interest rate, inflation rate, depreciation of exchange rate, changes in terms of trade);
measures of a country's monetary conditions (M2 to reserves, credit to GDP growth); and measures of the banking systems' structural factors (currency mismatch, liquidity, leverage).
In the second exercise, we study whether and by how much the duration of the crisis matters in forecasting its arrival by estimating the three alternative logit models using subsamples of countries built in terms of the average duration of crises they experienced in the observed time span.
2 The authors refer to a post crisis bias in their analysis.
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Our main results can be summarized as follows. First, using the full sample of world economies, we find the multinomial logit model to outperform both alternative binomial models in correctly predicting the arrival of the crisis. Not only the multinomial model helps better predict the arrival of crisis; it also improves over the number of false alarms, as shown by the Area Under the Receiver Operating Characteristics curve (AUROC). Second, according to the best selected model specification, we find that the credit to GDP growth rate, the ratio of money supply (M2) to reserves, the rate of inflation, and the liquidity position and the net open position of the banking system are the best predictors of the arrival of a systemic banking crisis. Third, and more importantly given the focus of this paper, our main finding is that the performance of the multinomial model, as measured by the AUROC, improves over the binomial logit when the average duration of the crisis increases: the longer the average duration of crises in the sample, the better the relative performance of the multinomial over the two alternative binomial specifications. Further robustness checks show that these results hold true for other commonly used definitions of systemic banking crisis, such as Laeven and Valencia (2012).
Our findings have important implications for empirical analyses aimed at building EWSs as well as for policy makers. Our results on the role played by the duration of the crisis show that multinomial logit models are better equipped to correctly gauge the probability of the arrival of a crisis as well as to avoid costly false alarms. From a policy perspective, our results show that regulators and policymakers aiming to minimize the overall costs of banking crises should target not only the variables that are most correlated with the arrival of a crisis but should also act to minimize the impact of macro-financial variables on the duration of a crisis. Our empirical evidence shows that the first objective is best achieved by keeping inflation under control and allowing for sound domestic and external liquidity
conditions, and managing credit booms; the latter, i.e. speeding up recovery from the crisis, is better achieved by targeting general macroeconomic conditions. The paper is organized as follows. Section 2 presents the dataset and discusses the econometric methodology employed for the empirical analysis. Section 3 shows the empirical results obtained from using the full sample of world economies. Section 4 presents the subsample analysis and discusses the role played by the average duration of crisis. Section 5 concludes and draws some policy implications.
A C C E P T E D M A N U S C R I P T typically, all else being equal, poorer countries are found to be more likely to experience a crisis. Similarly, a deterioration in the terms of trade of an economy and high interest rates affect debtors' solvency by weakening their financial viability and capacity to service debt.
On the other hand, high inflation is associated with macroeconomic instability and impacts the real return on assets, discouraging savings and incentivizing borrowing, increasing this way the likelihood of experiencing a crisis.
b) Monetary conditions: broad money (M2) cover of international reserves and growth of the credit-to-GDP ratio. The ratio of M2 to official reserves captures the ability of the country to withstand a sudden stop and reversal in capital inflows, especially in the presence of a currency peg. Therefore, the higher the value for this variable, the higher the vulnerability to capital outflows, and hence the probability of incurring a banking crisis.
Similarly, excessive credit growth can trigger bank problems through a generalized deterioration in banks' asset quality (as a result of over-indebtedness of borrowers and loosening credit standards) and/or a reduction in liquidity (due to aggressive maturity transformation and reliance on wholesale sources of funding). Accordingly, the probability of a crisis is expected to increase when credit grows too fast. We use growth of the credit-to-GDP ratio instead of growth of real credit due to data availability and practical implications.
The credit-to-GDP ratio has been adopted as a common reference point under Basel III to guide the build-up of countercyclical capital buffers (BCBS, 2010; Drehmann et al., 2011) . 
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The higher the ratio, the lower the capacity of the banking system to withstand deposit withdrawals or the inability to rollover short-term debt in wholesale markets, hence a positive relation with the likelihood of a crisis is expected.
Appendix A provides a detailed description of the variables and their sources.
The crisis duration bias
As discussed, binomial multivariate logit models have become the benchmark empirical framework for building EWSs since the seminal work by Demirgüç-Kunt and Detragiache (1998). When binomial EWSs are of interest, the dependent variable takes the form of a two-outcome dummy variable, with the value of 1 denoting the first year of a systemic banking crisis, and the value of 0 denoting all remaining observations. Hence, in a binomial logit framework, crisis years other than the first are either treated as normal (noncrisis) times or discarded from the sample. In both cases, potentially valuable information is not taken into account when estimating EWSs, particularly if the proportion of post-crisis observations is not negligible. In the context of currency crises this phenomenon is known as the post-crisis bias: after the onset of the crisis, economic variables do not go back immediately to "normal", i.e. to the pre-crisis steady-state level, but take time to converge to equilibrium. In order to account for such a different behavior, transition periods where the economy recovers from the crisis are explicitly modeled in a multinomial logit framework.
The issue of post-crisis bias, and the use of multinomial logit models to deal with it, has been considered in the empirical literature on currency crises (Bussiere and Fratzscher, 2006) .
In the context of systemic banking crises, the existence of a similar bias is even more likely to be present. On the one hand, banking crises are more persistent than currency crises as they tend to last longer (Babecký et al, 2013) . On the other hand, due to the credit crunch and the generalized loss of confidence that typically accompany a banking crisis, economic recovery takes longer than after a currency crisis (Frydl, 1999) , disproportionately affecting
those sectors of the economy which are heavily dependent on bank finance (Kroszner et al., 2007; Dell'Ariccia et al., 2007) . Put differently, since banking crises are typically longlasting, in the periods following the onset of the crisis the economy is likely to be still in a state of crisis, and hence relevant economic variables behave differently from both "equilibrium" periods and the outbreak of a crisis. We call crisis duration bias this phenomenon related to the existence of a state of prolonged distress in the context of banking crises: not accounting for the existence of a third state in the economy, i.e., a period of adjustment after the outbreak of a banking crisis before going back to normal, might reduce the predictive power the estimated EWS (see Caggiano et al., 2014 , for an analysis of the crisis duration bias in a sample of LICs).
The existence of three scenarios -"normal" times, the first year of crisis, and the crisis years after the first -that are likely to be significantly different from each other in our sample of economies is strongly supported by the preliminary evidence we report in Table 1 .
The Table presents the average values of our independent variables for all years (column 2); when the crisis occurs (column 3); in the combined tranquil periods and crisis years (column 4); in tranquil times (column 5) and in crisis years other than the first (column 6).
Comparison of columns (5) and (6) suggests that, when the economy is in a prolonged state of crisis, its behavior is different compared to tranquil times. More formally, as reported in Column (7), the null hypothesis of equality of means is rejected for all but two of our control variables, supporting the hypothesis that these periods, i.e. the post-crisis adjustment period and tranquil times, should be treated differently when building the EWS. The descriptive evidence reported in Table 1 suggest that mixing up information about tranquil times and post-crisis periods (as in column 4) is likely to be misleading and that it might lead to a potential crisis duration bias. The same suggestive evidence holds if the Laeven and Valencia
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(2012) classification of banking crisis is adopted. We take the evidence of Table 1 as a rationale for the use of models that explicitly account for a post-crisis state.
The multinomial logit model
In building the EWS for predicting systemic banking crises, we consider the multinomial logit model, previously employed by Bussiere and Fratzscher (2006) in the context of currency crises and by Caggiano et al. (2014) in the context of banking crises in LICs, as an alternative to the commonly used binomial models previously discussed. The estimated model returns a predicted measure of fragility of the banking sector, i.e. the estimated probability of a crisis, as a function of a vector of potential explanatory variables.
4
More formally, we assume that each economy i=1,…,n can be in one of the following j+1=3 states: tranquil period (j=0), first year of crisis (j=1), or crisis years other than the first (j=2). The probability that an economy is in state j is given by
where is the vector of regressors of dimension k and β is the vector of parameters to be estimated. The log-likelihood function to be maximized is
where d ij =1 if the economy i is in state j.
We set the tranquil regime as the base outcome in order to provide identification for the multinomial logit model, which gives the following J=2 log-odds ratio:
4 When using panel data, country fixed effects are often included in the empirical model to allow for the possibility that the dependent variable may change cross-country independently of the explanatory variables included in the regression. In logit estimations, including country fixed effects would require omitting from the panel all countries that did not experience a banking crisis during the period under consideration (Greene, 2011) . This would imply disregarding a large amount of information. Moreover, limiting the panel to countries with crises only would produce a biased sample. Therefore estimating the model without fixed effects is usually the preferable approach.
and (4) .
The vector of parameters β 1 measures the effect of a change in the independent variables on the probability of entering a systemic banking crisis relative to the probability of being in tranquil times. Accordingly, β 2 measures the effect of a change in the independent variable on the probability of remaining in a state of crisis relative to the probability of being in tranquil times. Eq. (2) 
Empirical results
We begin by estimating our multinomial logit using the full sample at hand, and by including all selected regressors. As in Barrell et al (2010), we adopt the general-to-specific approach to obtain the final specification of the empirical model.
Results about the estimated probability of entering a crisis compared to being in tranquil times coming from our final specification are summarized in column (1) of Table 2 .
As the Table shows , we find that the banking system credit-to-deposit ratio and FX net open 5 Given that the focus of our study is on building a EWS, we lag all variables by one year. This also helps deal with potential endogeneity of regressors. 6 The Indipendence of Irrelevant Alternatives hypothesis maintains that the characteristics of a given choice alternative have no impact on the probability of choosing other alternatives. 7 The Hausman and McFadden test rests on the estimation of two multinomial logit models, one based on the full set of alternatives (all three states in our case) and the other based on a subset of these alternatives, and the subsamples with choices from this subset (states "0", i.e. tranquil times, and "1", first year of crisis, in our case. The IIA holds if the estimated parameters from the two models are not statistically different. Under the null hypothesis that the IIA holds, the test has a chi-square distribution.
position, the rate of inflation, the change in credit as a fraction of GDP, and the M2 reserves to GDP ratio are all positively correlated with the probability of experiencing a systemic banking crisis. Unsurprisingly, these results are in line with previous studies focusing on heterogeneous samples such as ours, i.e. including both advanced and developing economies (Demirgüç-Kunt and Detragiache, 1998; Beck et al., 2006; Davis and Karim, 2008a) . Hence, in terms of early warning for policy makers, our results indicate that banking systems that one year prior to the crisis engage in excessive credit activity relative to the deposit base are more likely to experience a systemic crisis. In addition to liquidity risk, external vulnerabilities as proxied by the ratio of M2 to reserves and banking system exposure to FX risk significantly increase the probability of experiencing systemic financial distress as do excessive credit growth and monetary instability. It is important to notice that the Hausman test for the IIA hypothesis reads 2.170, which leads to not rejecting at any standard significance level the null hypothesis that the IIA holds.
The multinomial model also provides an indication of which factors are more likely to drive the economy into a prolonged period of crisis. The results, i.e. the estimated probability of experiencing a crisis lasting more than one year compared to being in a no-crisis period, are shown in column (2) of Table 2 . Interestingly, some variables which are not associated with the arrival of a crisis become significant in explaining the permanence in a state of crisis, while others change their signs or the intensity of the coefficients. Again, the results are intuitively convincing and are as expected. In particular, the level and growth of economic activity usually deteriorate after the onset of systemic banking crisis, contributing to a longer period of distress, as shown by the statistically significant negative sign associated with GDP per capita and GDP growth, while credit activity typically diminishes following the arrival of a crisis, hence a statistically significant negative coefficient for the rate of growth of credit-to-GDP.
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The second step in our empirical strategy is to estimate the binomial logit models where the observations related to crisis years other than the first are (i) treated as non-crisis observations (Table 3 ) and (ii) discarded from the sample (Table 4) AUROC is then a measure of the signalling quality of the estimated EWS, which overcomes the problem of assuming a specific utility function for the policy maker in order to properly weight the costs associated to a given signal (see Hsieh and Turnbull,1996, and Peterson, 2013 , for a general discussion of the AUROC; Juselius, 2013, and Caggiano et al., 2014 , for an application to banking crises). A value of the AUROC equal to 0.5 refers 8 In order to capture the impact of the long run trend of money upon the probability of experiencing a banking crisis, we have expanded the set of regressors to include a measure of excess money. For each economy, we have estimated excess money as log(M2/GDP_deflator)-b 0 -b 1 *log(GDP_level)-b 2 *interest_rate. We have then added excess money and its cubed value to the set of regressors. Results show that the variable in level is statistically significant only marginally (at the 10% level) in predicting the arrival of the crisis, though it does not help in predicting the duration of the crisis. The cubed value is never statistically significant. Results, not shown in the paper, are available upon request.
to a completely uninformative signal, e.g. tossing a coin, while a value equal to 1 refers to a perfectly informative signal.
Estimates of the percentages of crises correctly called, of false alarms and AUROC for our multinomial logit model are reported in Table 5 . The top panel of Table 5 reports the results for our baseline definition of systemic banking crisis, i.e. Reinhart and Rogoff (2011).
The bottom panel of the Table reports (2) and (4) report the same values for the binomial logit where the crisis years are treated as normal times (column (2)) and where they are dropped from the sample (column (4)). Column (3) and (5) report the percentage difference between the two binomial logit models and the multinomial. As the Table shows, the multinomial model has a better performance relative to both specifications of the binomial logit models, with a relative improvement in the AUROC of 3.9 percent and 1.7 percent respectively.
Subsample analysis and crisis duration
The previous section shows that, in a large sample of world economies with average duration of systemic banking crisis longer than one year, multinomial logit models are better equipped than commonly used binomial logit specifications to build up EWSs. But is the superior performance of multinomial logit models relative to binomial models a function of the duration of the crises or is it due to other, unspecified factors?
To dig deeper into the relation between the duration of crises and the relative performance of different logit specifications, we perform the following exercise. We rank the 92 countries included in our sample according to the average duration of systemic banking crises they have experienced in the observed time span. We then split the full sample of
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15 countries into four groups. Group A comprises of 32 countries that have never experienced a crisis in the observed sample or have experienced a one year duration banking crisis; the other three groups (Group B, C and D) include 20 countries each, which are ranked according to the average duration of crisis, so that Group B includes the 20 countries that have experienced at least one crisis with the lowest average duration, and group D including the 20 countries that have experienced at least one crisis with the highest average duration (group C includes the middle countries in terms of crisis duration). Table 6 reports details about the number of observations and the average duration of crisis for each group, and for each definition of banking crisis employed in the empirical analysis. Details on the specific countries included in each group are provided in Appendix B.
Based on these groups, we create three subsamples which are subsequently used for estimation: i) A+B, ii) A+C, iii) A+D. Each subsamples includes 52 countries, the 32 countries that never experienced a crisis or experienced a one year crisis plus one of the three groups selected according to the average duration of crisis. For each subsample, we compare our EWS based on the multinomial logit with the EWS based upon the binomial logit models to check whether there is any evidence in favour of what we call the crisis duration bias.
Evidence of the crisis duration bias would be consistent with a superior performance of the multinomial relative to the binomial models increasing with the average duration of crisis. Table 7 shows the results obtained for each subsample for the Reinhart and Rogoff (2011) definition of systemic banking crisis. As column (2) shows, the AUROC for the multinomial increases when the average duration of crisis increases: it moves from 0.7473 in a model that uses the subsample A + B, whose average duration of crisis is equal to 1.18 years, to 0.7708 when the subsample is A + D, whose average duration of crisis is 3.52 years.
More importantly, the relative performance of the multinomial vis-à-vis the binomial logit models turns out to be a positive function of the duration of crisis. This is particularly evident
16 when the binomial logit that treats the post-crisis period as tranquil times is considered: as shown in column (4), the relative difference in the AUROC moves from 1.30 percent to 4.99 percent. This is also true relative to the binomial where the post-crisis observations are discarded: the percentage difference in the AUROC moves from 0.31 percent to 1.05 percent.
Finally, column (7) shows that the binomial logit where the post-crisis observations are dropped from the sample improves over the alternative binomial logit specification, and that the relative performance is greater the longer the duration of the crisis. A similar pattern holds true if we look at both the percentage of correctly called crises and the percentage of false alarms. Table 8 shows that these results are robust to the use of the alternative definition of banking crises provided by Laeven and Valencia (2012) . 9 Overall, we find evidence in favour of the multinomial logit as a superior empirical framework relative to the binomial model in predicting banking crises in countries where historically the duration of crises has been long lasting. The rationale is that the multinomial model allows accounting for the information content provided by the explanatory variables during the crisis years subsequent to the beginning of a crisis, which represents a promising
way to solve what we call the crisis duration bias.
Conclusions
This paper compares the performance of alternative logit models for EWS for predicting systemic banking crises. Using a panel data set of 92 economies observed during the period 1982-2010, we show that the average duration of historically observed systemic crises is an important determinant in discriminating among alternative models. In samples where the average duration of crisis is relatively long, the multinomial logit model, which explicitly distinguishes between first year of the crisis and post-crisis years, improves over the more commonly employed binomial logit models. Within the class of binomial logit models, discarding the observations that refer to post-crisis periods is empirically superior to treating them as tranquil times.
The main message that arises from this paper, i.e. the average duration of systemic crisis matters in determining the relative performance of different logit models, deserves further analysis. Specifically, our empirical analysis rests on the use of low frequency, yearly data. At least in samples of advanced economies, recent papers have developed EWSs based on the binomial logit model using quarterly measures of systemic distress (see Alessi et al., 2015 , for a review of the literature). Compared to yearly data, quarterly observations would allow for a more refined analysis of the role played by the duration of crisis in driving our conclusions, an analysis that is in our agenda. We present the coefficients of the multinomial logit regressions. Heteroschedasticity and autocorrelation consistent standard errors are given in parentheses. ***, ** and * indicate that the coefficient is significant at the 1%, 5% and 10% level, respectively.
The multinomial logit probability model estimated in this table is a discrete dependent variable taking value 0, 1 and 2 for Tranquil, Systemic Banking Crisis and Post Crisis years, respectively, using the dating approach by Reinhart and Rogoff (2010) . We estimate: Pr(Y it = 1,2) = α + β 1 Real GDP growth i,t-1 + β 2 Real interest rate i,t-1 + β 3 Inflation i,t-1 + β 4 Depreciation i,t-1 + β 5 Terms of trade changes i,t-1 + β 6 M2/reserves i,t-1 + β 7 Credit-to-GDP growth i,t-1 + β 8 Liquidity i,t-1 + β 9 Net open position i,t-1 + e i,t-1 . We present the coefficients of the binomial logit regressions. Heteroschedasticity and autocorrelation consistent standard errors are given in parentheses. ***, ** and * indicate that the coefficient is significant at the 1%, 5% and 10% level, respectively.
Pr(Y it = 1) = α + β 1 Real GDP growth i,t-1 + β 2 Real interest rate i,t-1 + β 3 Inflation i,t-1 + β 4 Depreciation i,t-1 + β 5 Terms of trade changes i,t-1 + β 6 M2/reserves i,t-1 + β 7 Credit-to-GDP growth i,t-1 + β 8 Liquidity i,t-1 + β 9 Net open position i,t-1 + e i,t-1 .
The binomial logit probability model estimated in this We present the coefficients of the binomial logit regressions. Heteroschedasticity and autocorrelation conistent standard errors are given in parentheses. ***, ** and * indicate that the coefficient is significant at the 1%, 5% and 10% level, respectively.
The binomial logit probability model estimated in this 
